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Data-driven weather forecasting system

Observations Data assimilation EN Data-driven

weather forecasts

The forecast is then autoregressively stepping 6h into the future x, = f(x,4) ...




Data-driven weather forecasting system
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Training on observations (e.g. SYNOPSs) at arbitrary locations allows for generalisation to standard gridded model output
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_ Physics -based Forecast : Al Model:
Copernicus ERAS5: 180 000 0.3

15 billion (one off) per forecast

Hersbach, H et al. (2020)

per forecast
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2022-02-16 00z + 60h (Storm Eunice over UK) See ECMWF Newsletter 176
Analysis HRES FourCastnet

MSLP+WS 2022021812 Step: 0 MSLP+WS 2022021600 Step: 60 MSLP+WS 2022021600 Step: 60
AN HRES i51c
- Z 12 14 1z 24 28 32 interval5, thi 0 4 7 12 14 17 24 28 32 Interval 5, thi °— s 14 1z 24 28 32 Interval 5, thi

e

PanguWeat her GraphCast

MSLP+WS 2022021600 Step: 60 MSLP+WS 2022021600 Step: 60
PanguWeather i51d
e e — S

ow £ L e

 an
A\ 4 ECMWF EUROPEAN CENTRE FOR MEDIUM-RANGE WEATHER FORECASTS 7



A short history of data-driven weather forecasting
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AIFS: Artificial Intelligence Forecasting System

Modelling Prediction(s)

Data assimilation Initial conditions

Machine learning
/ components in

v

parts of the chain

ERA5S

a dataset of hourly
physical states of
Earth since 1940

against output
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Different model architectures
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Convolutions

A Simplest design, treat the Earth as a cylinder, use convolutions with periodicity in longitude.

I No treatment of the pole. How can flow easily pass over the artic?

VA A

AWeyn et al 2020 proposed a clever cubed-sphere approach.

G

I One set of CNN for the side faces of the cube.

I Another for the polar faces.

310

AKarlbauer et al (2023) do convolutions on the HealPix
grid (see below)
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Figure 10: Lines of latitudes depicted as blue streamline arrows on the cubed sphere (a) and on the HEALPix (b). While 12
the lines corresponding to constant eastward motion describe arcs of different radii on the cubed sphere mesh, the same

motion translates to straight lines on the HEALPix mesh.



Graph Neural Networks

AFirst demonstrated by Keisler 2022.

A Data is structured in nodes and the
connections between them (edges)

AMost popular, the message passing GNN.

i Involves MLPs on the edges, and nodes.

I Alternates are GraphConvolutions &
Graph Attention

A Can handle unstructured data in space.

3d atmospheric
state attime t

78 channels
per (lat, lon) node

(+solar, landsea, etc)

3d atmospheric
state at time t+6hr

78 channels
per (lat, lon) node

1. Encode ! 4. Add
from physical variables on l' ------------------------------------------------------- 8.9 the state change to input
lat/lon grid to latents on state to determine new state
icosahedron grid
using message-
passing GNN
Latent state Latent state Change in 3d
atmospheric
i —_— state
256 channels 256 channels
per node per node 78 channels
per (lat, lon) node
2. Process 3. Decode
using 9 rounds of from latents on icosahedron
message-passing GNN on grid to physical variables on
icosahedron grid lat/lon grid using
message-passing GNN
Encoder Processor Decoder
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3D Earth-Specific Transformer
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Output (time = t + At)

Fourier Neural operators (a) AFNO architecture

Ae.g. FourCastNet, popularised by NVIDIA.

A Part of neural network carried out in frequency space
and part in grid-point space.

A Grid-invariance built in. E——— )
Jhanne IXing

A Spherical version encodes the symmetries of the Spatial Mixing |

sphere. Zna [~[MLP]~=S,(.) »J I 1 1 f
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So, which to choose?

AVision transformer and GNN solutions both hit comparable levels of skill.
I SFNO a little further behind in skill, unclear why.

I CNN not been implemented at the same scale.

A GNN naturally encodes the sphere and allows use of unstuctured grids.

AVision transformers (and SFNO) appear to converge faster than GNN.
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AIFS Single vl Lang et al 2024a
Operational system

from 25/2/25

INPUTS
Atmospheric state: OUTPUTS
Prediction:
X(t+6h)

|

N7 | (e | (S |\
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Al FEncoder and Decoder

AIFS works with the native IFS reduced gaussian grids ;
possible to split model and input data across multiple GPUs to
handle large memory requirements

Encoder, GNN Decoder, GNN

ERAS n320

\ 16 Processor Layers — ERAS n320
~ 540 000 Nodes, 09640 WMN®L@es
~ 1 Million Edges
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AlIFS T Processor

Transformer (like LLMs) that works with a sliding attention window -> attention bands around the globe

Red: target node
Blue: Nodes target node attends to in one processor layer
Grey: How far information can travel within e.g. 6 processor layers

(here lower resolution processor grid than operational AIFS for visualization)
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Training setup
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Training

TRAINING

| NPUTS
Atmospheristate: OUTPUTS
X(t), X(#6h) Prediction:
[V S AIFS MODEL (GNN based) X(t+6h)

Lang et al. (2024)

Training Scheme
Stepl: pre-training phase, during which the model is given the task to forecast6 h .-
ahead f e .
Step2: model is trainedo produce forecasip to 72hrahead :

Step 3 mOdeliS finetunedon operational reatime anaIySiS o 500 1k 1k 50k 100k 150k 200k 250k 300k 300k 302k 304k 306k 308k 310k

Training iteration Training iteration Training iteration

~ 72h1f or eCc'alAskKtA ™"

Learning rate

g
Autoreg

FNWRUON®DO




Training

WMSE- area-weighted mean squared error

Atmospheristate: 1 1 1 o dovr doven2
X(t), X(t6h) Lvisg = Doace] doegb:m T Teém | G°-25°|ieGZ&‘;50 ; sjwja; (X3 = x{7"™)
[ ~—— squared error
forecast date-time lead time spatial location variable-level
X(t+12h)
ol X(t+18h)
_________ AR predictions
Up to rollout 12 (72
hours)
{uuu;kamﬂ&auﬂ‘mw)‘
WMSE t+6h i = == WMSE t+72h
mo d e | i tso tprao dheawe 7tZomkee@wp taggregating the WMSE

ROLLOUT 46h

ROLLOUT 12 2hr



AIFS Single v1 - Inference

Once the model is trained, we can generate predictions stepping e.g. 6h from analysis to analysis

The forecast is then autoregressively stepping 6h into the future x, = f(x,) é
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What variables to use?

Two driving motivations:

A What helps me predict better.

A What do users want from the system.

Typical set used by many models:

A ~13 pressure levels (with model top at 50hPa)

A Contrast with 137 model levels in the IFS.

A GraphCastver si on with 37 levels isnét more skilful than 13
A qtuvw,z

A But no direct cloud information.

A At the surface: 2t, msl/sp, 10u/v and precipitation for some.
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Variables used in AIFS 2.0

A mix of prognostic, diagnostic, and

Upper At madppheesrsaur(e | evel s)
Ao Geopotential height

At Wind components (u, v, w)
AL Specific humidity

Ax Temperatur e

OQSurface Variabl es
Ax2m temperature
At 10m wind speed
A, Precipitation (including snow)
A Clouds

AL Waves

External Forcings

A Or ography

Al nsol ati on

A® Latitude / Longitude
ADTi me of day / Time of year

o)
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How to handle time?

AHow many time slices
AHow big of a timestep
A Earwoyr kK Xdraiyedst eps but
A Manghoobsheour s, but thi

A Pangu Weather created

A butthis | eads to

AExpl oring

Analysis
1 anemoi-
inference step Forecast Forecast Forecast
step O (t,) step 6 (i)
1 anemoi- | A

tih inme®.n s i

usidogina dieoé mmpnocrraela s e

Z500

to provide _ |
500 1

t o make? 25400-

fail edmd)cd)elc§3°°'
s | i nmiutsp utth.e§2°°'
mul ti pde mc
0

—s— Lead Time 24 hours
Lead Time 6 hours

—s— Lead Time 3 hours
Lead Time 1 hour

—

stenci es |

tempor al

inference step Y
RSB

< ECMWF

|
t7, ts, 1o, to, t11, (t12)

24 72 120 168
Forecast Time (hours)

res ol

step 12 (t,,)
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Proper score loss i AIFS-ENS (AIFS-CRPS): Lang 26024l

In training: run (small) ensemble: Operational 13/5t

To generate a forecast (single member): run model wi't
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